The relationship between climatic factors and crop yields for maize and soybeans in 3 major producing countries (the United States, Brazil, and China) was analyzed statistically. Temporal changes in the climate−yield relationship were considered, and the temporal and spatial variations were evaluated. County-level data from 1980 to 2006 were collected for each country and allocated to 1.125°× 1.125°grids. Data were analyzed for temporal changes in the effect of climate on yields using the particle filtering method for each grid. The 'current' effect of temperature on crop yields was shown to be geographically symmetric around the optimal temperatures (19.51°C for maize and 20.66°C for soybeans) in the Northern Hemisphere. In the Southern Hemisphere, the 'current' effect of precipitation was more influential than that of temperature. The effects of these climatic factors changed over time. Whereas the negative effect of high temperatures has been mitigated around the corn belt of the United States during the last 3 decades, it has intensified in Brazil, northern China, and the southern United States for maize. Consequently, predicted future yields differed marginally depending on the relationship (past or current effect) used for the prediction, even when they were summarized on country scales. This study suggests that temporal changes in the relationship between weather and crop yields should be considered for better future predictions. 
INTRODUCTION
With a growing global population and a changing climate, the need to examine the relationship between weather and crop production is increasingly im portant. The world population is predicted to exceed 9 billion by 2050 (DESA 2009), an increase of approximately 30% over the current population of 6.9 billion (US Census Bureau 2010). In addition to the growing population, improved standards of living and increasing economic activity in the developing world could increase food demand by 30% (Mann 1999 , Rosegrant & Cline 2003 . Mounting evidence that increasing greenhouse gas concentrations are changing the global climate and precipitation patterns (IPCC 2007) indicates that the future of food security could be increasingly uncertain. Thus, before more elaborate process-based models are adopted to estimate future food production, the potential effect on crop yields of individual climatic factors, such as temperature and precipitation, should be estimated.
Although many studies have evaluated the effects of climate change on crop yields (e.g. Lobell & Asner 2003 , Fischer et al. 2005 , Parry et al. 2005 , Porter & Semenov 2005 , Mall et al. 2006 , Schlenker & Roberts 2009 ), few studies have considered temporal variability in the relationship between weather and crop yields. During the last quarter of a century, agricultural techniques, such as specialized crop cultivars and irrigation systems, have changed dramatically. Compared to more recent cultivars, those developed in the early 1980s may respond differently to temperature fluctuations, indicating that the relationship between weather and crop yields can change over time. Thus, when analyzing the effects of climate change on crop production, methods that consider temporal changes in the relationship between weather and crop yields should be used.
In this study, we statistically estimated the timeseries changes in the relationship between climatic factors and crop yields for a large area (1.125° × 1.125° latitude by longitude) using a data assimilation method known as particle filtering (Candy 2009 ). Using observed data, this method allowed us to estimate the time sequences of hidden parameters (in this case, the degree of the effect of climatic factors on crop yields) for each 1.125° × 1.125° grid.
The target crops were maize and soybeans, and 3 countries, the United States, Brazil, and China, were considered. These crops are staple foods in the global diet, as well as important sources of animal feed and feedstock for bioethanol plants. In 2008, these 3 countries accounted for 65.40 and 67.55% of the world production of maize and soybeans, respectively (FAO 2010) . Quantitatively evaluating the effects of climatic factors on these crops is essential to ensuring future food security.
Based on our analysis, we generated maps of the 'current' effects of weather on crop yields; and to evaluate the effect of temporal variations on the relationship between weather and crop yields in estimations of future productivity, we compared the effect on crop yields as estimated by the 'past' relationship between weather and crop yields with the effect estimated by the 'current' relationship. The simple structure of the statistical models used in this study allowed us to separate the climate effect into several climatic factors and to evaluate the relative effect of each factor on yields.
DATA AND METHODS

Data
We prepared yield data for maize and soybeans for the United States (county level, years 1980 ), Brazil (municipal level, years 1990 ), and China (county level, years 1980 . Data were obtained from the United States Department of Agriculture (USDA) (http://www.usda.gov/wps/portal/ usda/), the Brazilian Institute of Geography and Statistics (http:// www.ibge.gov.br/home/), and the Natio nal Bureau of Statistics of China. Although the yield data for China covered only 4 provinces (Heilongjiang, Henan, Liaoning, and Shandong), maize and soybean production in these provinces accounts for approximately 40% and 51%, respectively, of net production in China (USDA 1997).
For temperature (ºC) and precipitation (mm d −1 ) data, we used the Japanese Re-Analysis dataset (Ono gi et al. 2007) , which covers regions across the globe at a spatial resolution of 1.125° × 1.125° (latitude by longitude). This grid scale was used as the basic scale for all analyses. We estimated the crop yields of each grid point by averaging the yield data of the counties (municipalities in Brazil) included in the grid. As some grid points were missing a large number of yield values, we only used grid points with >14 yr of yield data and no more than 3 continuous years of missing data. This resulted in 1264 grid points for maize and 666 grid points for soybeans.
The growing season (d) of each grid point was defined as the period from planting to harvest and was selected according to the Crop Calendar Dataset (Sacks et al. 2010 ) of the Center for Sustainability and the Global Environment (SAGE). Daily temperature and precipitation during the growing season were averaged for each year and each grid point.
Detrending
In all 3 countries, the crop yields have increased during the past 3 decades. Although the exact factors producing such trends are unknown, it is reasonable to assume that these include non-climatic factors. Therefore, we had to carry out detrending for yield data and climate data, and analyze the covariance between the deviations of yield and climate (temperature and precipitation) to eliminate non-climatic factors. These detrended data consisted of the residuals from the local regression model that was estimated for each grid point. In the local regression analysis, the degree of the polynomials was unity and we used the Gaussian function as the weight function (Cleveland et al. 1992 ).
Although we could arbitrarily decide the degree of smoothing (bandwidth or smoothing parameter) in the local regression analysis, we logically estimated the bandwidth of local regression model for each grid assuming that the shape of the yield trend for each grid point resembled that of the state (states in Brazil and provinces in China) to which the grid point belonged. This is because the pace of agricultural innovation was expected to be similar for regions in the same state. According to this assumption, the bandwidth that minimized the root mean square error (RMSE) between the model estimation and the state mean was selected for each grid point. The same bandwidth was used for the climate data for each grid point (Yamamura et al. 2006 ). Additionally, because the absolute values of the yield residuals tended to increase according to their yield, the yield residuals were adjusted by dividing the estimated yield into residuals. That is, relative errors were used for yield data.
Particle filter
We applied a particle filtering method with a selforganizing state-space model (Kitagawa 1998) to estimate the temporal change of the effect of climatic factors on crop yields. In the particle filtering method, the posterior distributions of parameters (the effect of temperature or precipitation in this study) at time t are sequentially estimated using Bayesian statistics, where the distributions of the parameters at time t − 1 are used as the prior distributions. The distributions of parameters are approximated by a large number of 'particles'. Therefore, we can assume non-Gaussian distribution for the error distribution. Firstly, in the particle filtering method, the system equation and the observation equation should be defined. The system equation is the statistical model that describes the transition process of state variables (the effect of temperature or precipitation in this study) from time t − 1 to time t. The observation equation is the statistical model that describes the relationship between the state variables and the observation variables. At time t, we generate the proposal distributions from the distributions of the state variables at time t − 1 according to the system equation (the distribution is approximated by particles). Then, we estimate the observation variables according to the observation equation, and weight each particle according to the likelihood calculated by the actual observation value at time t. By re-sampling the particles according to the weightings, we can obtain the posterior distributions of the state variables at time t. The temporal changes of the state variables can be obtained by repeating this procedure.
The system and observation equations were defined, respectively, as follows:
(1)
where Z t is an unknown 2 × 1 state vector at year t; ϕ s is a 2 × 1 system noise vector that follows a bivariate normal distribution with variance-covariance matrix Θ; Y t is the observed yield value at year t that was detrended; C t is a 2 × 1 vector containing observed climate data that was detrended; and ϕ o is the observation error. Here, T denotes the transpose of the matrix. A normal or Gumbel distribution was used to represent the observation error distribution: The AIC (Akaike's information criterion) values of the models that have normal distribution and Gumbel distribution were calculated, respectively, and the model with the lower AIC was selected for each grid point.
As the non-informative prior distribution of Z t , we used uniform distribution with an adequate range. The estimated time-series behavior of Z t in Eqs. (1) & (2) indicates the time-series behavior of the degree to which temperature and precipitation affected crop yields: this represents the relationship between climatic factors and yields at time-step t. If the estimated value of the Z t vector at a given year in a given grid point is negative, an increase in the mean temperature (or precipitation) during the growing season causes a decrease in the average yield and vice versa.
Smoothing was achieved using the backward smoothing technique in which the particle filtering algorism was repeated inversely (from t = N to t = 1) so that the information between t = i + 1 and t = N is also reflected in the result of t = i (Candy 2009).
In the particle filtering method, the value of Θ in Eq. (1) restricts the range in which the value of Z t can change in each time step, which will affect the timeseries behavior of Z t . In the self-organizing statespace model, we can also estimate the distribution of Θ together with Z t by importance sampling. We first generated the proposal distribution of Θ using the following method.
Before implementing the particle filtering method, we fitted multiple linear regression models to the yield data of each grid point. In the full model, the dependent variable was detrended yields (δy), and the independent variables were detrended temperature (δtm), the detrended precipitation (δpr) and their interactions with the time series (δtm: t and δpr: t). The interaction terms were interpreted as the annual rate of change in the effect of temperature and precipitation on yield when assuming a linear change in the effect of climate. To avoid multicollinearity, the interaction terms were excluded from the full model when the variance inflation factor (VIF) exceeded 10. We estimated each coefficient using Bayesian model averaging (BMA) with Bayesian Information Criterion (BIC) approximation (Raftery 1995) . The prior weight of each variable was 0.5. If the 1 yr lag correlation of the residuals of the averaged models was significant at the 0.05 level (Ljung-Box test) (Box & Pierce 1970) , the term of the 1 yr correlation (δy t−1 ) was added to the full model and recalculated. Thus, the full model was expressed as follows:
where α 1-5 denote the regression coefficients, ε denotes errors that follow a normal distribution with variance σ 2 , and t denotes the time (yr). In Eq. (3), the values of α 4 and α 5 can be interpreted as the change rates of the effect of δtm t and δpr t . Therefore, we used the distributions of α 4 and α 5 as the proposal distributions of non-diagonal elements of Θ in the particle filtering method. Additionally, the RMSE of the estimated yield was used as the variance of the error term of Eq. (2), or ϕ o . We generated the spatial distributions of 'current' effect of climatic factors on crop yield (see Fig. 1 ) by using the mean values of the posterior distributions estimated from the particle filtering method.
Future estimation
The predicted impact of future climate change on the yields of maize and soybeans was calculated by using both the past (t = 1980 or 1990 for Brazil) and current (t = 2006) values of the coefficients (Z t ) estimated in the particle filtering method, and the differences in the predictions were compared. The values of the estimated coefficients (Z t ) were randomly sampled (300 samples) from the posterior distribution of each grid. Future climatic values from the MIROC 3.2 (A1B scenario) model were applied to the coefficients, and the predicted yields for each grid were calculated. The values used for the future climates were the average temperatures and daily precipitation during the periods 2012-2016, 2022-2026, 2032-2036, and 2070-2099 . The total predicted crop production for each country was calculated by summing the crop production of each grid, which was weighted according to the grid area and the harvested area of maize and soybeans (Monfreda et al. 2008 ). This procedure was repeated 300 times, and the distribution of the predicted change (%) in total crop production from the current production (from 2002 to 2006) was calculated for each country, future period, and coefficient set.
Relative effects of temperature and precipitation
To evaluate the relative impact of temperature and precipitation factor on yield, the determination coefficient of each climatic factor was calculated for each grid point. To calculate this value, the following equations were used: (4) (5) where R 2 tm and R 2 pr indicate the determination coefficient of temperature and precipitation, respectively; y t is the observed yield (detrended) at year t; y ⎯ is the average of y t ; is the estimated yield at year t from the statistical model in which precipitation had no effect; and is the estimated yield at time t from the statistical model in which temperature had no effect.
All analyses were performed with R version 2.10.0 (R Development Core Team 2009). For the BMA analysis, the bic.glm function of the BMA package version 3.12 of R was used. . Similar geographical patterns were estimated for both maize and soybeans. Based on an increase in average temperatures, the region where estimated yields decreased was separated from the region where yields increased at approximately 40°N. The average temperature at this latitude during the growing season was roughly 20°C. Fig. 1b,d are maps of the 'current' effect of precipitation on crop yields showing the estimated degree to which average daily precipitation influenced yields in the mid-2000s. For both maize and soybeans, similar patterns of the effects of precipitation were estimated. In nearly all regions of the United States, an increase in average precipitation during the growing season increased average yields. In Brazil, a slightly negative effect was estimated in central regions, whereas positive effects were estimated in the other regions. In China, negative effects were estimated in the northern region and positive effects were estimated around Liaoning province. 
RESULTS
Current effects of climate
Time-series changes in the relationship between weather and yields
To determine whether the relationship between climatic factors and crop yields changed significantly over time in each grid point, the Mann-Kendall test was used on the time sequences of average Z t for each grid point (Fig. 2) . The Mann-Kendall test is a nonparametric test to detect the time-series trend of data. If the result of the Mann-Kendall test is significant, it means that the time-series variables have an increasing or decreasing trend. In many grid points, the results were significant. For maize, the results for 494 out of 1264 grid points and 498 out of 1264 grid points were significant (p < 0.05) for temperature and precipitation, respectively. For soybeans, 257 out of 666 grid points and 226 out of 666 grid points were significant for temperature and precipitation, respectively. When a grid point showed no trend, the p-values followed a uniform distribution. However, the calculated distributions were significantly different from uniform distributions (Kolmogorov-Smirnov test with p < 0.001). Thus, these results suggest that the relationship between climatic factors and crop yields changed in many grid points. Fig. 3 shows a map of changes in the relationship between temperature and crop yields from 1980 to (1990 . These maps were generated by calculating the difference between the values of the current and past temperature effects, or Orange-colored areas indicate that crop yields are more sensitive to high temperatures in 'current' as opposed to 'past' times. Blue-colored areas indicate that the 'current' high temperature effect (Fig. 3a,c) or high precipitation effect (Fig. 3b,c) is reduced compared to 'past' times. For maize and soybeans, the negative high temperature effect was particularly reduced in the corn belt. The negative high temperature effect was slightly stronger in southern Brazil and China, particularly for soybeans. (Fig. 4a,b,e,f) . In the United States, the probabilities that the production rate estimated from the past relationships were lower than those from the current relationships were 0.83 (0.78) for 2012 to 2016, 0.85 (0.74) for 2022 to 2026, 0.89 (0.81) for 2032 to 2036, and 0.86 (0.62) for 2070 to 2099 for maize (soybeans). In the other countries, the predicted differences were slight (Fig. 4c,d,g ). However, in Brazil, the predictions obtained from the current relationships had greater negative impacts than those obtained from past relationships (Fig. 4h) : the probability that the estimates from the past relationships were higher than those from the current relationships was 0.87 for soybeans.
Future estimation
Relative impacts of temperature and precipitation
Fig . 5a shows the relative impact of temperature (R 2 tm ) on maize yields. For both maize and soybeans, similar geographical patterns were estimated (soybeans not shown). In the United States, the effect of temperature was substantial in the central and northern parts of the country (maize [mean ± SD]: 0.14 ± SD 0.13; soybeans: 0.18 ± SD 0.13). In Brazil, the effect of temperature was relatively small compared to the United States (maize: 0.02 ± SD 0.21; soybeans: 0.02 ± SD 0.16). In China, the influence of temperature was relatively pronounced in the north (maize: 0.11 ± SD 0.12; soybeans: 0.09 ± SD 0.08). Fig. 5b shows the influence of precipitation (R 2 pr ) on maize yields. Similar geographical patterns were estimated for both maize and soybeans (figure is omitted for soybeans). In the United States, the effect of precipitation was more pronounced in the southern part of the country (maize [mean ± SD]: 0.09 ± 0.12; soy- beans: 0.11 ± 0.12) and the overall influence of precipitation was smaller than that of temperature for both maize and soybeans (Wilcoxon rank sum test, maize: p < 0.001; soybeans: p < 0.001). In Brazil, the effect of precipitation was relatively greater in the south (maize: 0.04 ± 0.23; soybeans: 0.12 ± 0.16) and the overall influence of precipitation was greater than that of temperature (maize: p = 0.005; soybeans: p < 0.001). In China, the influence of precipitation was relatively large, except for maize in Heilongjiang province. However, there was no clear pattern for soybeans (maize: 0.12 ± 0.12; soybeans: 0.12 ± 0.12). The overall influence of precipitation was not significantly different from that of temperature for maize (p = 0.56) and soybeans (p = 0.15). Fig. 1 shows the degree to which temperature impacted crop yields changed along a geographical gradient: negative ef fects of high temperatures were estimated mainly in low-latitude regions, whereas positive ef fects were estimated mainly in high-latitude regions for both maize and soybeans. Negative and positive effects of temperature have been reported in many studies. Higher temperatures may accelerate crop development and reduce the duration of grain filling but extremely high temperatures during flowering can reduce grain or seed production (Cheikh & Jones 1994 , Wilhelm et al. 1999 , Engelen-Eigles et al. 2000 , Koti et al. 2007 ). Lower temperatures can re duce crop yields because of decreased crop growth or because of the increased risk of chilling injury (Baker & Allen 1993 , Thakur et al. 2010 ). The geographical gradient should reflect the optimum temperature of each crop.
DISCUSSION
Spatial variation in the effects of climate
The optimum average temperatures -defined as the average temperature during the growing season around which crops are not significantly affected by temperature changes -of maize and soybeans were estimated for each hemisphere. In the Northern Hemisphere, significant negative relationships between the effects of temperature and the average temperatures of the grid points for both maize and soybeans were found (robust regression with Tukey's bi-square, maize: p < 0.001; soybeans: p < 0.001), and the optimum average temperature (the intercept of the regression) was estimated to be 19.51 ± 0.13°C (SE) for maize and 20.66 ± 0.12°C for soybeans. Thus, regions where the average temperature is around 20°C are predicted to be resistant to future climate change. These results were consistent with the previous results of Schlenker & Roberts (2009) . They suggested that the critical threshold temperature above which the crop yield decreases sharply is 29°C for maize and 30°C for soybeans. In the Northern Hemisphere, the number of days on which the daily average temperature exceeds 29°C (30°C) increases sharply when the average temperature of the growing season is close to the optimum average temperature (around 20°C) (Fig. 6 ). In the Southern Hemisphere, there was no such relationship for maize (p = 0.54) or soybeans (p = 0.68). This ambiguous geographical pattern could be explained by variability in Brazil's climate, which ranges from semi-arid to trop- optimum temperatures for crops ical zones. Additionally, the strong effect of rainfall might have overwhelmed the effects of temperature. Except for the regions around Heilongjiang province and the center of Brazil, precipitation exerted a positive effect in all areas (Fig. 1) . In the aforementioned regions, the risk of floods may be associated with an increase in average precipitation. More detailed research is needed in these areas.
In this study, we assumed only a linear relationship between the average climatic conditions during the growing season and crop yields. If we considered extreme temperature or rainfall events, the results obtained would change to some extent (Schlenker & Roberts 2009 ). However, as mentioned above, the results of the present study were consistent with the results of Schlenker & Roberts (2009) , in which daily extreme events were considered. Therefore, we could obtain appropriate results to some extent by only considering the average temperature or precipitation. Furthermore, we analyzed the effect of climate on crop yields for each grid in this study. Although implementing the spatial correlation into the particle filter would require enormous calculations, such expansion remains to be carried out in future work.
Temporal variation in the effects of climate
Have the effects of climatic factors on yields been constant during the past quarter of a century? In most grid points, the relationship between climatic factors and crop yields showed temporal variation, indicating that the climatic effects on yields have not been constant (Fig. 3) . Schlenker & Roberts (2009) re ported no temporal variation in the relationship be tween weather and yields. In their study, temporal variation was evaluated by cross-sectional analysis. However, they did not consider 'the spatial variation of the temporal variation'. In the present study, the temporal variation of each grid point was analyzed, and significant temporal variations were found in many grid points (Fig. 2) . We do not have a clear answer to why the effects of climatic factors on yields were temporally changed in some regions and not in the others. However, factors that have potentially changed the strength and direction of the effects of climatic factors on crop yields include the improvement of cultivars, cultivation management and/or the prevalence of irrigation systems. The reductions in the negative effect of high temperatures were ob served particularly in the grids where the harvested areas were large, such as in the 'corn belt'. In the United States, the change rate of the effects of temperature was significantly (marginally significantly) correlated with the harvested area of the grids (maize: p < 0.001, soybeans: p = 0.16). Similarly, it appears that the impacts of drought were reduced particularly, for example, around the Mississippi River where the irrigation system is widespread (Siebert et al. 2005 ) (see Fig. 3 ). This implies that, in the United States, the rate of the improvement of cultivar, cultivation management, or the irrigation system may be relatively high in the region where intensive cultivation or irrigation is carried out. A socioeconomic study may explain the spatial variation in the change rate in future studies. The most important point is that there were significant temporal changes in the effect of climate on crop yields in many regions. In previous studies, the relationships be tween climatic factors and crop yields were assumed to be constant over time (e.g., Lobell & Asner 2003 , Fischer et al. 2005 , Parry et al. 2005 , Porter & Semenov 2005 , Mall et al. 2006 . However, the present study demonstrates that the relationship between weather and yield is not constant. Thus, when predicting future effects of climate on yields, the temporal dynamics of parameters should be considered, and current estimations of parameters should be used.
Future predictions
Yields estimated from 'current ' (2006) relationships between weather and crop yields were marginally different from those estimated from 'past' (1980) relationships. The difference was particularly large (approximately 10%) in the United States from 2077 to 2099 (Fig. 4) . This prediction was the sum of predictions for the whole grid, and as mentioned above, there was spatial variation in the temporal variation between grid points. Thus, differences may be larger when values are estimated for each grid point. Similarly, in China and Brazil, small differences in the predictions between 'past' and 'current' parameter sets were attributed to the spatial pattern of temporal variations in climatic effects (Fig. 3) . Although spatial variation among the regions would be balanced when evaluating the difference between future predictions made using the 'past' and 'current' parameter sets at a country scale, the variation would stand out when comparing predictions at smaller scales (see Fig. 3 ).
The fertilizer effect of CO 2 was not considered in this study. Although many studies have tried to estimate this effect, reported values differ slightly. For C3 plants like soybean, the estimated values are dis-tributed around a 10 to 20% increase when the concentration of CO 2 is approximately 550 ppm. For C4 plants like maize, the estimated values are distributed around a 10% increase (e.g. Leakey et al. 2004 , Ains worth et al. 2008 . The CO 2 effect will change the predicted crop production, but the relative difference in the predictions using 'past' versus 'current' parameter sets should not differ. Furthermore, in this study, nonlinear relationships between weather and crop yields (Schlenker & Roberts 2009 ) were not considered. Future studies need to analyze the relationship between climatic factors and crop yield using a non-linear model with the particle filtering method in future studies. In addition, we used the output of a single General Circulation Model (GCM), whereas better predictions would be obtained using multiple GCMs and a variety of cultivation management patterns. This is an important task to be carried out in future studies involving statistical analysis of temporal changes in the climatic effect on crop yield.
Past influence of climatic factors
The past influence of each climatic factor was also estimated (Fig. 5) . In the United States, on average, crops were more affected by temperature than by precipitation during the last quarter of a century. In Brazil, crops were more affected by precipitation than by temperature during the same period. This difference could be explained by the prevalence of irrigation systems (Siebert et al. 2005) ; enhanced irrigation systems in Brazil could improve potential yields. However, regions that were strongly affected by precipitation were located in areas where irrigation systems were relatively prevalent (Siebert et al. 2005) . Thus, the security of water resources in these regions could impact crop yields.
CONCLUSIONS
We statistically estimated the current effect of temperature and precipitation on the yields of maize and soybeans in 3 countries (the United States, Brazil, and China) by using the particle filtering method. In the Northern Hemisphere, on average, temperature had a larger influence on yields than precipitation, and the degree to which temperature affected yields showed a geographically symmetric pattern around the optimal temperatures (19.51°C for maize and 20.66°C for soybeans). In the Southern Hemisphere, on average, precipitation had a larger influence on yields than temperature. The effect of the climatic factors significantly changed throughout the time series, suggesting that methods that account for temporal variations in parameters, such as the particle filtering method, are needed to evaluate and estimate the future impact of climatic factors on crop yields.
